We propose a method for retrieving similar fMRI statistical images given a query fMRI statistical image. Our method thresholds the voxels within those images and extracts spatially distinct regions from the voxels that remain. Each region is defined by a feature vector that contains the region centroid, the region area, the average activation value for all the voxels within that region, the variance of those activation values, the average distance of each voxel within that region to the region's centroid, and the variance of the voxel's distance to the region's centroid. The similarity between two images is obtained by the summed minimum distance of their constituent feature vectors. Results on a dataset of fMRI statistical images from experiments involving distinct cognitive tasks are shown.
INTRODUCTION
A fundamental goal in functional neuroimaging is to identify areas of activation in the brain relative to a given experimental condition. Functional Magnetic Resonance Imaging (fMRI) is one technique used to identify such changes, because changes in neuronal activity along a given region of the brain can be captured by a corresponding change in voxel value intensity on the acquired fMRI image. Statistical Parametric Mapping (SPM) 1 is the current standard technique used to analyze these changes. An SPM image is a two-(or higher-) dimensional image of a test statistic determined at each pixel by the value of the signal and its variance across experimental conditions.
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Consider a scenario where a number of research groups have conducted different types of fMRI experiments. Each group has at least ten subjects for each experiment. Following the experiments, the groups use SPM to identify regions in their subjects' brains that were significantly activated due to the experimental stimuli. At the end of this process each group deposits their fMRI raw data and the accompanying statistical maps into a joint database.
Following this, another researcher wants to find out whether the fMRI activation patterns of a subject not currently in the database are similar to any existing activation patterns in the database. She wants to retrieve other subjects regardless of the experimental condition and/or disorder that could potentially exhibit similar activation patterns. She also wants a numeric representation of the degree of similarity between the query image and all the retrieved images.
One might wonder why this type of information is of any use. Bai 3 proposes several scenarios that could lead a researcher into such an exploratory activity including helping to discover hidden similarities among superficially different studies, identifying similarities between datasets with a not-well-defined stimulus (e.g. subject is watching a movie clip), and discovering similarities in brain activity when the cognitive tasks do not seem to be related based on psychological reasoning alone.
Besides those potential uses of this tool, doctors with patients who respond differently to treatments for a specific disease might be able to use it to identify the best group to which a given patient should be assigned and consequently administer the appropriate type of treatment. Suppose there are two distinct categories of brain activity for a given task following a stroke, each with a different treatment plan. Treatment A works best for patients in group A, and treatment B works best for those in group B. Our retrieval tool will enable this doctor to map a new patient with the same disorder into the best group and administer the appropriate treatment. The doctor will not only have a general activation pattern from each group to compare to, but also a score representing how similar/dissimilar the new patient's activation patterns are to every member of the two stroke-patients groups.
This paper describes a system that facilitates the above research process. It is a similarity-based retrieval system geared towards fMRI images in the form of statistical maps. Given a query statistical map and a database of other such maps from different subjects under different experimental designs, the system retrieves all images similar to the query image in order of similarity.
Other groups have developed similar retrieval methods for SPM images. In these methods the original statistical map is first transformed into a new representation using techniques such as the keyblocks, 4 the Hilbert Space Filling Curves, 5 or the wavelets transform. 6 Encoding the entire statistical map in this way retains a lot of noise that may negatively affect the retrieval performance. Our method deals with this problem during the preprocessing step.
All of the above studies focus mainly on classification. Our method is geared towards computing a similarity score between two statistical maps irrespective of their group membership. Ultimately, we want to point the user to the specific brain regions that influenced the score.
The rest of the paper is organized as follows: in section 2 we describe the three parts of our similarity retrieval system, section 3 demonstrates our results and section 4 is a conclusion of our study.
METHODOLOGY
Our methodology has three parts: preprocessing, feature extraction, and similarity calculation (see Figure 1 ).
Preprocessing of the Images
Our goal is to provide a tool capable of retrieving similar fMRI statistical maps given a database of such maps. For demonstration purposes, we used SPM t-contrast maps.
1 Our t-contrast maps are 3D images of the brain with each voxel representing the difference in the mean neuronal activation between two tasks performed by the same subject: task A versus task B. For system testing purposes, we restricted our analysis to those voxels exhibiting more activation for task A than for task B.
For every contrast map in the database we remove all voxels with activation values less than or equal to zero. Among those voxels that are retained, we further threshold them such that we retain the top X percent of activated voxels. For our system X ranged from 1 to 10 in steps of 1.
Feature Extraction
Next we represent each resulting contrast map with a set of feature vectors. Each such vector defines a spatially distinct region in that 3D image. First, we approximate the total number of cluster centroids given our data using subtractive clustering. 7 The approximated centroids then serve as initial cluster centers for k-means clustering.
It is important for this dataset that the regions we obtain remain spatially distinct. Biologically, neurons activate in clusters in response to a specific task. Voxels within each cluster tend to exhibit similar activation levels. We thus perform connected component analysis on the resulting k-means clusters in order to create spatially distinct regions.
Finally, we define each region using six properties: the region centroid, the region area, the average activation value for all the voxels within that region, the variance of those activation values, the average distance of each voxel within that region to the region's centroid, and the variance of the voxel's distance to the region's centroid. 
Similarity Measure
At this point, each brain contains a set of spatially distinct regions (or feature vectors) that are defined by the properties listed above. The similarity measure between a query brain and the other brains in the database is performed by the Summed Minimum Distance (SMD):
between the query brain Q and the target brain T . For every feature vector s in Q we calculate the Euclidean distance between s and every feature vector r in T and retain the minimum distance. Then we sum the minimum distances and divide the sum by the total number N Q of feature vectors in the query brain to obtain a query-totarget score. We perform the same procedure in the opposite direction to obtain a target-to-query score. The average of the query-to-target score and the target-to-query score is the SMD between the query and the target.
User Interface
Our system provides a graphical user interface that allows users to select query fMRI images, choose the constraints for the SMD, and view the results as a subset of the slices of the most similar fMRI images in the database (see Figures 2, 3 , 4, and 5). The system can also be run in batch mode for evaluation purposes. Figure 2 . A snapshot of the similarity retrieval tool in which the user can choose the fMRI image for the query and the thresholding level. This page also enables the user to preview the chosen query image in one of three orthogonal views: axial, sagittal, and coronal. The axial preview is shown. Figure 3 . A snapshot of the page where the user chooses the feature properties, type of similarity measure, the brain region to focus on during the similarity computations, and the number of retrievals to return. Figure 5. After the user has selected a target image to preview, the system displays the activation patterns of both that image (right) and the query image (left). Regions that were matched have the same color.
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EXPERIMENTS AND RESULTS
We used a total of 66 t-contrast maps from subjects performing three distinct fMRI experiments: Auditory Oddball, 8 Sternberg Working Memory, 8 and Face Recognition; 9, 10 details are given in Table 1 . We expected the activation patterns from these three tasks to be spatially distinct, because the brain regions responsible for these tasks are spatially different.
Evaluation
We evaluated the retrieval performance of our method in two ways. First, we calculated a random effects model (RFX 11 ) for each group. An RFX model represents a mean contrast map for a given group. If the query is an RFX contrast map from a given group, then the majority of target contrast maps should come from the same group as that of the query. Second, we used each individual 3D image in each group as a query image. In both sets of experiments we utilized the retrieval score 12 below to score the retrieval results:
N is the total number of brains in the dataset, N rel is the total number of brains within the query's group, and R i is the rank at which the i th relevant brain is retrieved. A perfect retrieval where all the relevant brains are retrieved before any others would receive a score of 0, while the worst retrieval where all the relevant brains are retrieved after all the others would receive a score of 1. In the case of random retrieval, the score is approximately 0.5. Figure 6 shows the changes in retrieval score when each of the RFX models was used as a query. The RFX model of the AOD, the SB, and the Checkerboard group had retrieval scores close to 0, while the Central-Cross group had near random retrieval scores (i.e. close to 0.5). The Central-Cross RFX model's activation patterns are a subset of the activation patterns in the Checkerboard RFX model (see Tables 4 and 5 ). During retrieval its top targets came from both the Central-Cross and Checkerboard group, which negatively affected its retrieval score.
RFX Model Retrieval
Because the Checkerboard and Central-Cross groups represent experiments that ought to have similar brain activation patterns, we combined the two datasets and calculated a joint RFX model (hereafter called All-Faces). In Figure 6 , the graph of the All-Faces RFX model follows a similar pattern to that of the Central-Cross RFX model. This suggests that the All-Faces RFX model is more similar in activation patterns to the Central-Cross RFX model than to the Checkerboard RFX model. Each cell within an image is the posterior to anterior (coronal) projection of the original 3D brain volume. We show only a subset of all possible coronal slices for each brain, but the numbering of the slices is the same for all brains along the same row. All slices are in mm (based on Montreal Neurological Institute (MNI) standards) to ensure we are looking at the same anatomical structures for all brains across each row. Table 2 . Top two retrieved 3D images using the RFX model of AOD as the query Table 3 . Top two retrieved 3D images using the RFX model of SB as the query
The four tables show the best retrievals for each RFX model (i.e. retrievals that had the lowest retrieval scores).
For each of those retrievals we show the top two target images (i.e. targets with the least SMD to the query). We used the graphs of Figure 6 to pick the threshold at which each RFX model had the smallest retrieval score. Table 4 . Top two retrieved 3D images using the RFX model of Central-Cross as the query Table 5 . Top two retrieved 3D images using the RFX model of Checkerboard as the query
For instance, the threshold with the smallest retrieval score for the AOD RFX model was 0.03. The SMD scores for the images in Table 2 , which represents the results of querying the database using the AOD RFX model, were calculated when the threshold for all the images in the database was 0.03.
In Tables 2 and 3 , the depicted slices are numbered from -26 mm to 26 mm in increments of 6 mm and the retrievals were done with thresholds of 0.03 and 0.04, respectively. On the other hand, in Tables 4 and 5 the depicted slices are numbered from -72 mm to 12 mm in increments of 6 mm and the retrievals were done with thresholds of 0.04 and 0.06, respectively. All images were created using Slover [11] , which is a brain activation pattern visualization software. For visualization purposes only we changed the threshold of the images in Tables 4  and 5 to 0.09. Figure 7 shows the changes in average retrieval score when the individual 3D images rather than the RFX models are used as queries. The only graph that exhibits a marked difference in shape to its corresponding graph in Figure 6 is the AOD average group scores. As the threshold increases the retrieval score of this graph increases at a much faster rate than its RFX model in Figure 6 . In fact, in Figure 7 the retrieval score approaches randomness as the threshold approaches 10 percent.
Individual Brain Queries
In order to understand what was happening, we looked at the variance in average retrieval scores over individual query images for the SB, Checkerboard, and AOD groups. We also visually inspected the 3D images in the AOD group to see whether their activation patterns varied significantly at the 0.03 threshold. Figures 8, 9 , and 10 show the average retrieval scores for these three groups with the error bars indicating group variance. Relative to the other two groups, the AOD group has a larger variance in retrieval scores especially starting at the threshold of 0.03. This suggests variances in the activation patterns of brains in this group. We confirmed this by visually inspecting the 3D images. 
DISCUSSION
The retrieval scores in Figures 6 and 7 underscore the importance of having a similarity measure that treats each brain as an independent entity rather than relying on RFX models. The RFX model provides a statistically sound framework for understanding common group activation patterns. However, it is deficient when individual statistical maps within a group do not adhere closely to their estimated RFX model. For instance, the All-Faces RFX model graph in Figure 6 is more similar to the Central-Cross RFX model graph than to the Checkerboard RFX model graph, even though all members from both groups were used to compute the All-Faces RFX model.
RFX models lose specificity when members of a group are not very similar to each other. Our similarity retrieval method proves particularly relevant for such cases, because it captures the properties of activated regions of an individual statistical map irrespective of the experimental scan or its group membership. A statistical map that exhibits activation patterns uncharacteristic to the whole group can easily be used to retrieve other maps with similar activation patterns. On the other hand, results represented in Figure 9 from the AOD group show that it is possible to have large variances in group activation patterns even though that group's RFX model successfully captures the core group activation patterns. In the future, our similarity retrieval method may be used to cluster statistical maps from the same group into sub-groups based on their similarity to each other. For instance, stroke patients may have been imaged under the same fMRI experimental conditions, but their resultant SPM images may be categorized into more than one group.
For the experiments of Figures 6 and 7 , we used the entire feature vector to calculate the similarity between a query contrast map and the entire database. We were curious whether the choice of feature units affected the retrieval score. We postulated that the centroid location was the most influential feature unit for our retrievals.
Recall that specific tasks elicit specific brain locations to be significantly more activated relative to other locations. Figure 11 shows the results for the RFX model queries using only the centroid of each cluster in the feature vector. It validates the aforementioned idea that the centroid location has a strong influence on the retrieval scores. This is especially true for the SB, AOD, and Checkerboard groups. Moreover, these graphs have similar patterns to their corresponding graphs in Figures 6 , suggesting that when all the feature units are used with equal weights the centroid location is most critical for optimal performance of our method.
On the other hand, feature units such as the region area, the variance of voxel activation values, and the variance of voxel distance to centroid in the feature vector need to be used in conjunction with the other three feature units. The performance of our method dropped significantly when these feature units were used independently of the others. Except for the Central-Cross and All-Faces RFX models, all other RFX models in Figure 12 had higher retrieval scores compared to their corresponding graphs in Figure 6 .
Up to this point we have only performed a crude feature-vector-units significance analysis. We simply included or excluded certain feature units. An interesting future study would be to provide weights to the feature units and automate the process of picking the optimal set of weights for the feature vector given a specific fMRI dataset and a user with specific goals. Our expert fMRI users do want to use the features in this way for their own experiments.
Another interesting observation from this study is how the value of the threshold affects the retrieval score. In Figures 6 and 7 each graph has a threshold at which its retrieval score is minimal indicating that for each group there is an optimal number of top activated voxels that suffice to discriminate that group from other groups in this dataset. Rather than manually exploring a variety of threshold values as was done for this study, one could explore the possibility of automating this process.
CONCLUSION
In this study we proposed and evaluated a method for retrieving similar fMRI statistical images given a query fMRI statistical image. The method extracts spatially distinct regions from each image after thresholding its constituent voxels. Each region is defined by a feature vector that contains the region centroid, the region area, the average activation value for all the voxels within that region, the variance of those activation values, the average distance of each voxel within that region to the region's centroid, and the variance of the voxel's distance to the region's centroid. The similarity between two images is obtained by the average summed minimum distance weighted by the inverse of the number of components from the query to the target and from the target to the query.
We demonstrated that our method is sensitive to similarities in brain activation patterns among members of the same experimental condition. We also showed that applying a threshold to the initial image improved the ability of our method to discriminate between images resulting from experimental conditions that focus on distinct cognitive tasks.
For the future we want to automate the process of selecting an optimal set of weights for each feature unit along the feature vector. We also plan to test this method on datasets that do not have a well-known brain activation pattern in an effort to aid scientific discoveries. In conjunction with collaborating brain researchers, we plan to use the method to study differences between groups affected with particular maladies, such as autism, and control groups. Lastly, we want to extend this method so it can be used to cluster statistical images from a set of subjects under the same experimental conditions into distinct groups based on their activation pattern similarities.
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